Abstract-Fault detection in solar photovoltaic (PV) arrays is an essential task for increasing reliability and safety in PV systems. Fault classification allows identification of the possible fault type so that to expedite PV system recovery. However, because of the non-linear output characteristics of PV arrays, a variety of faults may be difficult to detect using conventional protection devices. Supervised learning methods have been previously proposed to detect and classify solar PV arrays. These methods rely on numerous labeled data for training models and, therefore, have drawbacks: 1) The labeled data on solar PV arrays is difficult or expensive to obtain; 2) The model requires updates as environmental conditions change. To solve these issues, this paper proposes a fault detection and classification method using graph-based semi-supervised learning (SSL). The proposed method only uses a few labeled data points, but relies instead on a large amount of inexpensive unlabeled data points. The method demonstrates self-learning ability in real-time operation. Simulation and experimental results verify the proposed method.
INTRODUCTION
Without proper fault detection, unnoticed faults in PV arrays might lead to safety issues and fire hazards. Conventional fault detection and protection methods usually add overcurrent protection devices (OCPDs, such as fuses) in series with PV components [1] . However, it has been shown that certain faults in PV arrays may not be cleared by OCPDs due to non-linear output characteristics of PV arrays, low irradiance conditions, or Maximum Power Point Tracker (MPPT) [2] .
To understand the non-linear behavior of PV arrays, the operation of PV systems under normal conditions have been well modeled and simulated in [3] and [4] . In addition, fault analysis, reliability and safety issues have been studied for PV arrays in [2] and PV inverters in [5] and [6] . To mitigate the mismatch effects on PV modules, [7] and [8] use DC-DC converters on module-level to increase energy yield under partial shading conditions.
Several fault detection models have been studied for PV systems [9] - [13] . Power loss analysis is proposed for fault detection in solar PV systems in [9] and [10] . Satellite observed irradiance information has been adopted for failure detection in PV systems [11] . In [12] , a fault detection model is proposed based on PV module temperature, current, and voltage using the Kalman filter. Outlier detection rules for fault detection has been proposed in solar photovoltaic string monitoring systems [13] .
In addition to fault detection, fault classification can indicate the type of fault and further help maintenance people to expedite the system's recovery from the fault. To this end, machine learning techniques have been proposed for fault detection and classification in PV systems [14] - [16] . A decision-tree model has been proposed to detect and classify fault types in PV arrays [14] . The Bayesian Neural Network (BNN) and Polynomial Regression Models are studied for the evaluation of soiling effects on PV plants [15] . A clustering-based method is used for quantifying PV system's effects on utility grids [16] . However, these methods may require a large amount of expensive training data, which could hinder their effectiveness. Another challenge lies in the operating point of the PV array, which varies widely as the environment changes or solar-cell degradation occurs [14] . This means that a trained model in summer (high irradiance, high temperature) might mistakenly classify normal PV operation as a fault during winter (low irradiance, low temperature). Therefore, the trained model needs updating over time.
Generally, machine learning techniques can be divided into three categories: supervised learning, unsupervised learning and semi-supervised learning (SSL) [17] . As seen in Fig. 1 , supervised learning uses completely labeled training data with known class labels. For instance, class labels in solar PV arrays will be normal conditions or specific fault types. However, labeling data is expensive, requiring human *The author gratefully acknowledges the support through grants by Mersen USA and the National Science Foundation under grants 0901439 and IIP-13111875. effort and expertise to classify. In contrast, unsupervised learning uses only unlabeled training data. Semi-supervised learning falls between them and uses both labeled and unlabeled data for training. This paper focuses on semisupervised learning since it can improve learning accuracy considerably using inexpensive unlabeled data. This paper proposes a graph-based SSL for fault detection and classification in PV systems. The proposed method can detect faults that are unnoticeable to conventional OCPDs, as well as identify the fault type. Instead of requiring current sensors at every PV string [13] , the proposed method only uses readily available measurements, such as PV array voltage, current, PV module operating temperature, and solar irradiance. Therefore, the proposed method avoids additional hardware installation or extra labor cost.
In summary, this paper presents the following research contributions:
• For the first time, a graph-based SSL model is developed for fault detection and classification in solar PV arrays. The model has several advantages, such as low model training cost (compared to supervised learning methods), self-learning ability over time, and real-time operation.
• Compatibility with existing PV technologies. The proposed model can work with PV inverters of any circuit topology and take advantage of readily available measurements in existing PV systems.
• The fault detection and classification accuracy can both reach 99% under real-working conditions.
II. GRAPH-BASED SSL ALGORITHM IN SOLAR PV ARRAYS

A. Overview of the Proposed PV Systems
The proposed PV system is shown in Fig. 2 schematically. It is a typical grid-connected PV system with the proposed fault detection and classification model.
1)
The typical PV system includes: a PV array, a PV inverter, AC load (optional), and utility grid. The PV inverter harvests the maximum output power from the PV array using the MPPT algorithm, and feeds the power into the utility grid. The PV array exhibits non-linear current vs. voltage (I-V) curves, whether the PV array is under normal or fault conditions. When the PV array is faulted, it has a changed configuration, resulting in changed I-V curves and reduced MPPs. After that, if the fault is not cleared properly, it is likely that the PV inverter will still work, as long as the PV array can achieve the minimum operating voltage of the PV inverter. Consequently, the faulted PV array is expected to work at a new MPP along with its faulted I-V curves. The resulting deviated PV-array MPPs can provide helpful information and inputs for the proposed SSL model. This paper focuses on two categories of common faults that may be difficult to detect or clear by conventional OCPDs: 1) line-line fault, defined as an accidental shortcircuiting between two points in the array with different potentials, and 2) open-circuit fault, defined as an accidental disconnection at a normal current-carrying conductor. Note that ground fault is not discussed in this paper, since essentially it is a kind of line-line faults involving a ground point. Also, it is relatively easy to detect and clear by ground fault protection devices (GFPDs). Besides, partial shading on PV arrays is not considered in this paper.
B. Normalized I-V Curves and Fill Factors
The operating MPPs of PV arrays -PV voltage (V MPP ), PV current (I MPP ), and PV power (P MPP ) -range widely over a year. These fluctuations are caused by their dependence on environmental conditions such as irradiance and temperature. array, which creates challenges in identifying faults from normal conditions.
To better visualize and identify the PV faults, we introduce normalized parameters [14] in Fig. 4 , which shows better data clustering than Fig. 3 . Detailed discussion about Fig. 4 will be given in Section III. The three new parameters are:
where N mod is the number of modules in series per PV string.
• The normalized PV voltage I norm . Defined as
where N str is the number of strings in parallel in the array.
• The fill factor (FF). Defined as V norm *I norm . Fig. 5 shows the flowchart of the proposed graph-based SSL algorithm for fault detection and classification.
C. Introduction of Graph Data and SSL in PV Arrays
• Step1): Initial labels, such as "Normal", "Line-line fault", or "Open-circuit fault", are given for the graph-based SSL model as the prior knowledge.
• Step2): New data (unknown labels) in real operation are measured and stored for later data processing.
• Step3): Run graph-based SSL model based on both labeled data and unlabeled data. Unlabeled data will be classified accordingly.
• Step4): Update data labels.
• Step5): Indicate PV status and send out alert if a fault is identified.
As shown in Fig. 6 , an undirected graph G=(X, E) consists of two types of elements, namely vertices X and edges E. If there is always a path for every vertex to any other vertices, we can say the graph is connected. Suppose there is no internal loop or multiple edges in the graph. Graphs can be used to represent real-world problems, in that graph nodes are data points, and graph edges are weighted so that they can encode similarities between points [18] .
The graph-based SSL algorithm proposed in [18] and [19] will be studied for solar PV arrays. For illustration purpose, normalized I-V curves (in 2D) and possible normalized MPPs of a PV array are shown in Fig. 7 . MPPs vary greatly during the irradiance and temperature changes. The goal of the SSL algorithm is to let the labeled data (e.g., x 1 and x 2 in Fig. 7 ) spread their label information to unlabeled neighboring points in order to achieve a global stable state. Thus a few points of labeled data allow a large amount of unlabeled data to be classified. Note that the SSL assumes that nearby points are likely to have the same label.
D. Graph-based SSL Algorithm
Given a point set • Step1: Build a weight matrix W, which is defined as in (1) if i≠j and w ii =0. The matrix W is a pair-wise relationship matrix on the dataset X with zero diagonal elements.
where σ is known as the bandwidth parameter. For example, in Fig. 6 the edges between points x i and x j in the graph are weighted by the element w ij . Equation (1) implies that w ij is large if x i and x j are close to each other, and small if they are far way.
• Step 2: Form a matrix • Step3: The solution F * can be found using (2) for classification, where 0<α<1 and 
The solution F* is also a set of n×c matrices, the same size as the matrix F and Z. Each row vector F i * has c number of entries in (3):
The rule of classification is straightforward: the label/class for each point x i will be chosen as the class m (1≤m≤c) if f i,m * is the maximum entry in the corresponding row vector F i * (
For example, suppose there are 3 classes in the PV data points (c=3), in relation to Class1-Normal, Class2-Line-line fault, and Class3-Open-circuit fault. For data point x i , if the corresponding row vector F i * equals to [0.1, 0.2, 1.3], then x i will be classified into Class3 since the 3rd entry in F i * is the maximum one.
III. SIMULATION RESULTS
A. Simulated PV Systems
Using the widely used one-diode model, this paper builds a simulation PV system (17.6kW) in MATLAB/Simulink consisting of 10×10 PV modules that is capable of studying faults among modules. The schematic diagram is shown in Fig. 8 . The number of series modules per string is N mod =10, and the number of parallel strings is N str =10. The main parameters of each PV module at standard test condition (STC) are as follows: the maximum power P MPP =176W, the open-circuit voltage V OC =44.4V, the maximum power voltage V MPP =35.7V, the short-circuit current I SC =5.4A, the maximum power current I MPP =4.95A.
B. Faults in PV Systems
As shown in • Line-line faults: A variety of line-line faults with or without fault resistance (R f =10 or 0 ohm) are considered. The fault between Fault1 and negative conductor (Fault1-Neg) is defined as "30% location mismatch (LL 30%)", since it involves 3-module mismatch between the fault points in the faulted string (normally 10 modules per string). Similarly, the Fault2-Neg fault is defined as "40% location mismatch (LL 40%)".
• Open-circuit faults on one or more strings are studied in the paper. If one string is open-circuit, the fault is annotated as "OPEN1". Similarly, the fault with two open-circuit strings is annotated as "OPEN2".
C. Simulation Results of Graph-based SSL
As shown in Fig. 4 , the normal condition is annotated as "NORMAL"; the line-line faults include "LL 30% R f =10", "LL 30% R f =0", "LL 40% R f =10", and "LL 40% R f =0"; the open-circuit faults include "OPEN1" and "OPEN2". The advantage of graph-based SSL is to use a few initial labels to classify a large amount of new PV operating data.
1) Same faults under varying environmental conditions
First, we use the aforementioned types of faults under a wide range of operating points to test and verify the graphbased SSL model.
• Initial labels: The number of initial labels is 10 (1.63% of each dataset) for each of the previously mentioned PV conditions, under solar irradiance ranging from 450W/m 2 to 900W/m 2 and ambient temperature fixed at 20ºC.
• Test data: The normalized MPPs under a wide range of environmental conditions that are not included in the initial labels, such as solar irradiance varying from 300W/m 2 to 1000W/m 2 , ambient temperature changing from -10 ºC to 30 ºC.
2) New faults under varying environmental conditions
Second, we keep the same initial labels and try new test data, such as "LL 20% R f =10", "LL 20% R f =0", "OPEN3" and "OPEN4". These types of faults are not included in the initial data so they are "unseen" for the graph-based SSL model.
3) Run graph-based SSL on the test data
Test data are fed into the graph-based SSL model one after another as real-time operation. The fault detection and classification is illustrated in Fig. 9 . For example, at time t=t 1 , there is a new data (x 1 ) coming into the proposed model. Based on the given initial labels, it is clear to see that x 1 is closer to "NORMAL" than any other clusters. Therefore, x 1 will be classified as class "NORMAL" and stored as a new label in the graph-based SSL model. Thus, the label set can Figure 10 . New fault data: "OPEN3" and "OPEN4" can be identified sucessfully, but "LL 20% Rf=0" and "LL 20% Rf=10" may be difficult to detect since they are overlapping with "NORMAL". Figure 9 . An illustrative example: new data points x1, x2 and x3 will be classified as classes "NORMAL", "LL" and "OPEN" respectively, by the graph-based SSL model. increase as more data is identified. Similarly, new data points x 2 at t=t 2 and x 3 at t=t 3 will be correctly classified as "LL" class and "OPEN" class, respectively.
4) Discussion of results
The fault detection and classification results are summarized in Table I . The proposed model can detect and classify faults shown in Fig. 4 successfully by using only 1.63% (=70/4305) of the total data as initial labels.
The proposed model can work with new types of faults, even if they are not listed in the initial label set. For new PV data, the proposed model can identify "OPEN3" and "OPEN4" successfully, since they are more similar to "OPEN" class in initial labels. However, for line-line faults "LL 20% R f =0" and "LL 20% R f =10", the proposed model may misclassify it as "NORMAL", because they are overlapping with normal conditions in initial labels.
IV. EXPERIMENTAL RESULTS
A. Experimental Set Up
Shown in Fig. 11 and Fig. 12 , a small-scale gridconnected PV system (2×8 PV modules) has been set up to create and record both normal and fault data under real working conditions. Three types of faults have been created: 1) Line-line (LL) fault between the middle of one string and negative conductor; 2) the same LL with fault resistance Rf=20 ohm (LL R f =20); 3) Open-circuit faults (OPEN) on a string. It is necessary to mention that the fault current of all faults is so small that it cannot be detected by OCPD.
B. Experimental Results of Graph-based SSL
For normal and fault conditions, such as "NORMAL", "LL", "LL R f =20", "OPEN", there are 1000 data points associated with each condition. The initial labels are randomly chosen at 1% of each dataset. Therefore, there are 40 initial labels out of 4000 data points in total dataset. Note that these data are normalized MPPs under normal conditions or post-fault steady state.
C. Discussion
The experimental results of fault detection and classification are summarized in Table II . The line-line faults in our particular case can be identified 100% correctly. "NORMAL" and "OPEN" have detection and classification accuracy as 99.8% and 99.6%, respectively.
V. CONCLUSIONS
Some solar PV faults may not be cleared by overcurrent protection devices. Thus, the faults can remain hidden in the PV system, resulting in possible dangers associated with it (fire hazard, sub-optimal performance, arcing, etc.). To identify these hidden faults and help workers to expedite the system restoration procedure, a graph-based semi-supervised learning has been proposed for the first time.
Different from previous works, the proposed method only requires a few points of the costly labeled data (~1% of the total dataset) and while making use of inexpensive unlabeled data. In addition, the graph-based SSL demonstrates self-updating features as weather changes or PV arrays degrade. Furthermore, the proposed method uses readily available measurements in existing PV systemssuch as PV array voltage, current, operating temperature and irradiance -requiring no additional hardware installations. Our experimental results show the overall fault detection and classification accuracy can reach 99% for specific line-line and open-circuit fault conditions.
